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Painting 3D Nature in 2D:
View Synthesis of Natural Scenes from a Single Semantic Mask
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Figure 1. Given only a single semantic map as input (first row), our approach optimizes neural fields for view synthesis of
natural scenes. Photorealistic images can be rendered via neural fields (the last two rows).

Abstract

We introduce a novel approach that takes a single seman-
tic mask as input to synthesize multi-view consistent color
images of natural scenes, trained with a collection of single
images from the Internet. Prior works on 3D-aware image
synthesis either require multi-view supervision or learning
category-level prior for specific classes of objects, which
can hardly work for natural scenes. Our key idea to solve
this challenging problem is to use a semantic field as the
intermediate representation, which is easier to reconstruct
from an input semantic mask and then translate to a radi-
ance field with the assistance of off-the-shelf semantic im-
age synthesis models. Experiments show that our method
outperforms baseline methods and produces photorealistic,
multi-view consistent videos of a variety of natural scenes.
Project website: https://zju3dv.github.io/paintingnature/

1. Introduction

Natural scenes are indispensable content in many appli-
cations such as film production and video games. This work
focuses on a specific setting of synthesizing novel views
of natural scenes given a single semantic mask, which en-
ables us to generate 3D contents by editing 2D semantic
masks. With the development of deep generative models,
2D semantic image synthesis methods [27,52, 68, 73] have
achieved impressive advances. However, they do not con-
sider the underlying 3D world and cannot generate multi-
view consistent free-viewpoint videos.

To address this problem, a straightforward approach
is first utilizing semantics-driven image generator like
SPADE [52] to synthesize an image from the input semantic
mask and then predicting novel views based on the gener-
ated image. Although the existing single-view view syn-
thesis methods [35, 38, 51, 58, 74, 79] achieve impressive
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rendering results, they typically require training networks
on posed multi-view images. Compared to urban or indoor
scenes, learning to synthesize natural scenes is a challeng-
ing task as it is difficult to collect 3D data or posed videos of
natural scenes for training, as demonstrated in [36], making
the aforementioned methods not applicable. AdaMPI [20]
designs a training strategy to learn the view synthesis net-
work on single-view image collections. It warps images to
random novel views and warps them back to the original
view. An inpainting network is trained to fill the holes in
disocclusion regions to match the original images. After
training, the inpainting network is used to generate pseudo
multi-view images for training a view synthesis network.
Our experimental results in Section 4.5 show that the in-
painting network struggles to output high-quality image
contents in missing regions under large viewpoint changes,
thus limiting the rendering quality.

In this paper, we propose a novel framework for
semantics-guided view synthesis of natural scenes by learn-
ing prior from single-view image collections. Based on
the observation that semantic masks have much lower com-
plexity than images, we exploratively divide this task into
two simpler subproblems: we first generate semantic masks
at novel views and then translate them to RGB images
through SPADE. For view synthesis of semantic masks, the
input semantic mask is first translated to a color image by
SPADE, and a depth map is predicted from the color im-
age by a depth estimator [56]. Then the input semantic
mask is warped to novel views using the predicted depth
map and refined by an inpainting network, trained by a self-
supervised learning strategy on single-view image collec-
tions. Our experiments show that, in contrast to images, the
novel view synthesis of semantic masks is much easier to
learn by the network.

It is observed that semantic masks generated by the in-
painting network tend to be view inconsistent. Although
the inconsistency across views seems minor, SPADE could
generate quite different contents in these regions. Fig. 4
presents two examples. To solve this issue, we learn a
neural semantic field to fuse and denoise these semantic
masks for better multi-view consistency. Finally, we trans-
late the multi-view semantic masks to color images by
SPADE and reconstruct a neural scene representation for
view-consistent rendering.

Extensive experiments are conducted on the LHQ
dataset [05], a widely-used benchmark dataset for semantic
image synthesis. The results demonstrate that our approach
significantly outperforms baseline methods both qualita-
tively and quantitatively. We also show that by editing the
input semantic mask, our approach is capable of generating
various high-quality rendering results of natural scenes, as
shown in Fig. 1.

2. Related Works

Semantics-guided view synthesis. This task takes a sin-
gle 2D semantic mask as input and outputs free-viewpoint
videos of the 3D scene. Only a few works attempt to tackle
this challenging task, including SVS [25] and GVS [19].
Given posed videos, SVS [25] first extracts the semantic
map for each video frame. During training, it leverages a
SPADE-like generator [52] to produce an RGB image from
the input semantic mask at a particular frame and then re-
gresses from the image to the multi-plane images (MPI)
as the generated 3D scene for view synthesis. The gen-
erated MPI is rendered into several viewpoints, and the
SVS model is optimized by minimizing the difference be-
tween rendered images and observed images of the input
video. However, they train their models on datasets of posed
videos [4, 12,86]. A problem with such a training strat-
egy is that a large number of videos with calibrated cam-
era poses are hard to obtain in real life, which could be
expensive and limit the diversity of training data. Qiao et
al. [55] mainly focus on novel-view scene layout genera-
tion and their model is trained on posed images, while we
concentrate on rendering consistent RGB images with sin-
gle image collections for training.

Single-view view synthesis. Recently, many works have
focused on single-view view synthesis with monocu-
lar RGB image as the input to generate free-viewpoint
videos [24, 33, 38,49, 57, 58, 63, 70, 74].  Among exist-
ing works, some use explicit 3D representations, such as
layered depth image (LDI) [22, 62] and multi-plane image
(MPI]) [86], which can capture visible contents and infer
disocclusion regions. Another line of research predicts neu-
ral radiance fields [42] from a single image. For example,
PixelNeRF [79] extracts image features using 2D CNN and
constructs an aligned feature field to render novel views.
Li et al. [35] combine MPI and NeRF representation and
learn a continuous 3D field. These works learn 3D repre-
sentations to perform novel-view synthesis, and the learn-
ing is mainly based on multi-view images or posed videos
for supervision. However, similar to the dataset constraint
in semantic view synthesis, large-scale multi-view datasets
are also rare, thus bringing challenges for high-quality view
synthesis for natural scenes.

Recently, some methods have utilized single-view image
collections to train a neural network that performs novel
view synthesis given a single-view image. For example,
[33] and [63] use a monocular depth estimation network
to construct LDI representation and leverage the inpaint-
ing network to synthesize disocclusion content to perform
view synthesis. AdaMPI [20] proposes a warp-back train-
ing strategy to train MPI on the COCO [5] datasets. Li
et al. [36] propose a cycle-rendering strategy that warps the



input image to a virtual view and then warps it back to the
original view, finally resulting in an image containing holes.
A refinement network is trained to refine the final image to
match the original image. They tailored a viable path by
demonstrating the capability of single-view image collec-
tions collected from the Internet in monocular view synthe-
sis. Still, no prior works have attempted to train models
solely using single-view image collections while perform-
ing novel view synthesis from a single semantic mask.

A naive solution to leverage existing single-view image
collections [65] to learn models for semantics-guided se-
mantic view synthesis is extending the above approaches
[20,63] through a two-stage scheme: first converting the se-
mantic mask to an RGB image and then applying the view
synthesis model. However, this naive solution does not fully
utilize semantic information, thus leading to poor perfor-
mance.

Neural Radiance Fields. Neural Radiance Fields [42]
and its subsequent works significantly advance the realm of
novel view synthesis [1, 2, 46,76, 82] and 3D reconstruc-
tion [13, 50, 83]. While the above works focus on ren-
dering realistic novel view images or reconstructing accu-
rate 3D geometry, some works currently aim to exploit 2D
pretrained models to learn a priori knowledge for the neu-
ral field. Examples include creating 3D objects driven by
text [28,54,71], animating NeRF by audio signals [18,40],
and stylizing scenes [26,45,81]. Unlike the previous works,
in this paper, we focus on utilizing semantic image synthe-
sis models. Semantic-NeRF [85] and later works [15,34,69]
use NeRF as a powerful 3D fusion tool to fuse 2D semantic
information. However, they do not explore how to recover
a semantic field from only a single semantic mask. An-
other line of work [11,66,67] extends 3D-aware generative
modeling [8,47,48,59,60] to edit 3D appearance and ge-
ometry via a semantic mask, but they mainly conduct their
experiments on object-centric datasets (e.g., FFHQ [31])
with known camera distribution and fail to generate com-
plex scenes on the nature scene datasets. A closely related
work GANcraft [21] and its extended work [29] use image-
to-image translation techniques [27,52,68,73] to synthesize
pseudo ground truths and discriminators to make generative
free-viewpoint videos more realistic from 3D semantic la-
bels. Nevertheless, they need 3D semantic labels to render
consistent 2D semantic masks and fail when they only take
a single semantic mask as input.

Image-to-image translations Image-to-image transla-
tions [27, 52, 68, 73] have made tremendous development
and can synthesize realistic natural images. Pix2Pix [27]
firstly leverages conditional GAN [43] to improve the per-
formance of semantic image synthesis. The performance of
image synthesis is significantly enhanced by SPADE [52],

which proposes a spatial-varying normalization layer. OA-
SIS [68] proposes a novel discriminator for semantic image
synthesis [30]. However, these works can only synthesize
2D images and are not able to generate images of different
views.

3. Method

Our goal is to perform photorealistic view synthesis of
natural scenes, given a single semantic mask, by learning
prior from single-view image collections. To this end, we
divide this task into two simpler subproblems, as described
in this section. We first introduce how to generate multi-
view consistent semantic masks from the given semantic
mask (Section 3.1). Then, Section 3.2 discusses how to
translate the multi-view semantic masks to color images by
SPADE and recover a neural scene representation for view-
consistent rendering.

3.1. Generating view-consistent semantic masks

Fig. 2 illustrates the overview of generating multi-view
consistent semantic masks from a single semantic mask.
Specifically, we first warp the given semantic mask to novel
views. Then, an inpainting network is utilized to fill in
the disocclusion areas of the warped semantic mask at
each novel view. After obtaining multiple infilled semantic
masks at different viewpoints, we recover a neural seman-
tic field that can fuse and denoise the multi-view semantic
information. Finally, multi-view semantic masks can be ob-
tained by the semantic field.

Warping semantic mask. Our approach warps the given
semantic map to novel views through the depth-based warp-
ing technique. We first convert the input semantic map to
the corresponding RGB image using SPADE [52], and then
use a monocular depth estimation network [56] to predict
the depth map from the generated RGB image. Then, a 3D
triangular mesh is constructed based on the predicted depth
following Shih et al. [63]. The semantic mask is lifted to the
mesh, whose vertices’ color is assigned as the correspond-
ing semantic label. The generated 3D triangular mesh in
such a manner may contain spurious edges due to the depth
discontinuities in the depth map. To solve this problem, we
remove the edges whose vertices are far from each other.
Eventually, we warp the semantic mask to the novel views
using a mesh renderer following [63].

Semantic mask inpainting. Directly warping the given
semantic mask to novel views brings many holes in disoc-
clusion regions. To inpaint the missing contents, we train a
semantic inpainting network on single-view natural image
collections [65] using the self-supervised technique in [20].
Fig. 3 shows our training strategy for semantic inpainting
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Figure 2. Illustration of our pipeline. Left: Our pipeline can be divided into two steps: we first generate multi-view
semantic masks with an inpainting network and then convert semantic masks to RGB images using SPADE. In order to
denoise and fuse semantic information, a semantic field is learned for rendering multi-view consistent masks. Finally, a
neural scene representation is optimized to fuse appearance information provided by SPADE, which enables view-consistent
rendering. Right: Our semantic inpainting network and SPADE are trained on single-view image collections.
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Figure 3. Training a semantic inpainting network. Our
semantic inpainting network takes the S;_, ;_,; as input and
is trained to recover the S;.

networks. Specifically, we first use a pre-trained image
segmentation model [9] and a monocular depth estimation
model [56] to produce semantic masks and depth maps for
the natural images. At each training iteration, an image is
randomly sampled from the dataset as the source image I;.
We then use the corresponding depth map D; to warp the
original semantic mask S; to a random target view j, pro-
ducing warped semantic mask S;_,; and depth map ]A)Z-%j
at target view j. Next, we warp semantic mask S;_,; back
to the source view using depth map f)i_,j, which gener-
ates a semantic mask S;_,;_,; with holes. Finally, we input
Si—j—i into the semantic inpainting network and train the
network to infill these holes, which is supervised with the
original semantic mask S;.

At test time, we first randomly sample a set of view-
points, then warp the given semantic mask Sy to these view-

points to generate warped semantic masks, and finally apply
the inpainting network to fill in their disocclusion regions to
generate the infilled multi-view semantic masks.

Semantic field fusion. We observed that the infilled se-
mantic masks are not view-consistent. Although the artifact
regions in semantic masks seem trivial, the generated im-
ages from SPADE could be very different on these regions
across different viewpoints. Fig. 4 presents an example. To
tackle this problem, a semantic field is introduced to fuse
and denoise infilled semantic masks. We adopt a contin-
uous neural field to represent the semantics and geometry
of a 3D scene, similar to [17]. For any query point x in 3D
space, an MLP network fy maps it to an SDF value d and an
intermediate feature z, and another MLP network fy maps
z to a semantic logits s. The neural field is defined as:

fo:x€R3— (d € R,z € R°)

fo:2€R s cRM: M
where M, denotes the number of semantic classes. We ren-
der the semantic field into semantic logits and depth through
the SDF-based volume rendering [72, 78].

Considering that the sky is very distant from the fore-
ground, we handle the foreground and the sky separately,
following the practice in [21]. The sky is assumed to be a
distant 2D plane, and the semantic probability of the sky is
defined as a constant one-hot vector Py. The final seman-
tic probability is formulated as:

Y(I‘) = Pfg(r)ng (I‘) + (1 — ng(r))Psky, (2)



s ol v v
- aa

w/ semantic field w/o semantic field

Figure 4. The effectiveness of semantic field. The cropped
patch clearly indicates the minor change in the seman-
tic masks across different viewpoints (the first and second
columns are adjacent viewpoints) brings the unwanted large
region change in RGB images generated by SPADE.

where T}, is the accumulated transmittance of the fore-
ground along camera ray r, and Py, is the semantic prob-
ability obtained by applying the softmax layer to the ren-
dered semantic logits.

To learn the semantic field, the cross entropy loss is ap-
plied to compare the rendered semantic probability P(r)
and the semantic probability P*(r) provided by the infilled
semantic masks:

M,
Lp == Y Pi(r)logP(r). 3)

reR k=1
In addition, we use depth maps to learn the geometry of
the semantic field. In detail, the infilled semantic masks are
first converted to RGB images via SPADE, then processed
by a monocular depth estimation network [56] to predict
depth maps. A scale- and shift-invariant loss [56, 80] is uti-
lized to calculate the difference between the rendered depth
map D and the predicted depth map D, which is defined as:

Lagn = 3 (D) +q) -DE[% @

reR’

where R’ means camera rays of image pixels excluding the
sky region. w and q are used to align the scale and shift

of D and D, which can be obtained using a least-squares
criterion [14,56].

To separate the foreground and the sky region, we apply
a loss on the accumulated transmittance:

Etrans = Z(IOg(ng<r)) + IOg(l - ng(r)))' (5)
recR

This loss enforces the transmittance to be either O or 1. The
overall loss is described in the supplementary material.

3.2. Natural scene representations

Directly translating multi-view semantic masks obtained
in Section 3.1 to RGB images through SPADE fails to pro-
duce multi-view consistent rendering, as shown in the sup-
plementary material. To resolve this issue, we learn a natu-
ral scene representation to fuse appearance information pro-
vided by SPADE. This section describes the generation of
natural scenes from the learned semantic field. We first in-
troduce the neural representation of natural scenes. Then,
the rendering and training of the scene representation are
described.

The geometry of the scene is directly modeled as the
trained MLP network fy (Eq. 1) of the semantic field. To
represent the scene’s appearance, we recover an appearance
field fe. Following EG3D [7], a tri-plane feature map is
adopted to map a point to a feature vector. Specifically,
given a point X, it is orthogonally projected to the feature
planes to retrieve three feature vectors, which are concate-
nated into the final feature vector. We use an MLP network
to regress the RGB value c from the aggregated feature vec-
tor. The appearance field is defined as:

feixeR3 s ceR? (6)

For the scene representation, we separately model the
foreground and the sky region. The sky is implemented as a
2D image plane generated by a 2D generator network, and
we place it at a distance. For a ray classified as ‘sky’, the
sky image plane maps the intersection point (u, v) between
the ray and the sky plane to the RGB value.

To efficiently render the scene representation, we lever-
age the pre-learned scene geometry to guide the sampling
of points along camera rays. The mesh is first extracted
from the trained MLP network fy. Then, for each camera
ray, we only predict the color for the point on the mesh sur-
face, similar to [37,44]. With surface-guided rendering, the
computational cost of synthesizing full-resolution images is
significantly reduced.

During training, the geometry network fy is fixed. The
appearance network is optimized based on perceptual and
adversarial losses. We first use the learned semantic field
to render multi-view semantic masks which are then trans-
lated into images using SPADE. The perceptual loss [30]



Methods FID| KIDJ|
SPADE [52]+InfiniteNatureZero [36] 149.80 0.080

SPADE [52]4+3DPhoto [63] 127.74  0.064
SPADE [52]+AdaMPI [20] 18596 0.115
GVS* [19] 141.64 0.084

Ours 109.85 0.050

Table 1. Quantitative comparisons on the LHQ dataset.
“SPADE + *” means a two-stage pipeline that first generates
an image with SPADE and then performs single-view view
synthesis. “GVS*” means that we train GVS on the LHD
dataset using the strategy in AdaMPL.

is adopted to compare the rendered image C and generated
image C:

2

; (N

L (€,€) = [6(€) — 6(0)||

where ¢ denotes the VGG network [64]. Perceptual loss
makes training procedure more stable and faster.

Additionally, the adversarial loss is applied to make the
rendered images more photorealistic and prevent blurriness
caused by the inconsistency of input views, which is demon-
strated in GANcraft [21]. Our rendered images are taken as
“fake” samples, and generated images are taken as “real”
samples. We adopt the OASIS discriminator [68] as our
discriminator, and use the same generator and discriminator
loss as [68].

4. Experiments
4.1. Datasets

We use the LHQ dataset [65] to train our SPADE and
semantic refinement network. The LHQ dataset is a large
collection of landscape photos collected from the Internet.
To prepare the semantic label maps for each image, we use
COCO-Stuff [5] to train a DeepLab v2 [9] network. The
training data for semantic inpainting is synthesized by the
back-warping strategy as mentioned in Section 3.1.

4.2. Implementation details

To train the semantic field, 1024 rays are sampled per
learning iteration. For the neural appearance field, we train
the neural appearance field at 256 x 256 resolution. We
train our semantic field and appearance field on 1 NVIDIA
RTX 3090 with 24GB of memory. For the semantic field,
each model is trained for 48k iterations with batch size 1,
which takes approximately 13 hours. For the appearance
field, each model is trained for 12k iterations with batch
size 4, which takes approximately 3 hours. We use a com-
bination of GAN loss, L2 loss, and perceptual loss for the
appearance field. Their weights are 1.0, 10.0, and 10.0, re-

spectively. More training details are described in the sup-
plementary material.

4.3. Metrics

Following Gancraft [21], we use both quantitative and
qualitative metrics to evaluate our synthesis methods.

Quantitative metrics. We adopt the widely used metrics,
FID [23, 53] and KID [3, 53], to measure the distance be-
tween the real and generated distributions. Our experiments
are conducted on 6 test scenes. A collection of landscape
images from Flickr is obtained to evaluate the quality of our
generated images. We make sure that test images are not
presented in the LHQ dataset for training. The input seman-
tic mask is obtained by a pretrained semantic segmentation
model [9]. For each test scene, we render 330 images us-
ing a randomly sampled style code from uniformly sampled
camera poses. For both FID and KID metrics, lower values
indicate better image quality.

Qualitative metrics. To quantify the aspects that are not
addressed by automatic evaluation metrics, we conduct a
user study to compare our method with the baseline meth-
ods. Specifically, we consider two aspects for human ob-
servers: 1) view consistency and 2) photo-realism. 18 visual
designers in a 3D content designing company are asked to
assign a score on a continuous scale of 1-5 for each aspect
per video, where 1 is worse, and 5 is best. Two video se-
quences of the same scene rendered by two different meth-
ods are presented at the same time in random orders. A total
of 9 videos per method is rendered for evaluation for each
user. For more details about the user study, please refer to
the supplementary material.

4.4. Comparisons with baseline methods

We compare our approach with four strong baselines.
Each method evaluates at 256 x 256 resolution.

SPADE [52]4+3DPhoto [63]. Using layered depth im-
ages, 3DPhoto [63] generates free-viewpoint videos from
a single image, and it can be trained on the in-the-wild
dataset. Following [36, 38, 58] that directly use official pre-
trained models for evaluation, we also use the official pre-
trained models for our evaluation. We combine 3DPhoto
and SPADE by synthesizing a color image from the seman-
tic mask using SPADE, then applying 3DPhoto to generate
a novel view image.

SPADE [52]+AdaMPI [20]. AdaMPI [20] regresses the
MPI representation from an image with a network trained
on the in-the-wild dataset. We also use official pretrained
models for our evaluation. This method can also be com-
bined with SPADE to apply in this setting. We obtain gen-
erated images from the given semantic mask using SPADE
and then use AdaMPI to synthesize the multi-plane images.
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Figure 5. Qualitative comparisons on the LHQ dataset. We produce more realistic rendering compared to all baselines,

which are demonstrated by the supplementary video.

SPADE [52]+InfiniteNatureZero [36]. InfiniteNature-
Zero is a model that generates flythrough videos of natural
scenes, beginning with a single image. It is trained on the
LHQ dataset. We obtain generated images from the given
semantic mask using SPADE and then use InfiniteNature-
Zero to perform perceptual view generation according to the
camera poses used in our test set.

GVS”* [19]. We carefully train GVS [19] on the LHQ
dataset, using the same training strategy as AdaMPI [63],
which takes approximately 2 days. To ensure its style is
consistent with other methods, it is finetuned on the test
scenes. We find the official inpainting network pretrained
by AdaMPI [63] can not deal with large disocclusion re-
gions. To prevent these regions from affecting GVS, GVS is
not supervised in these areas. GVS is trained on 3 NVIDIA

TITAN A100 40GB graphics cards with 16 batch sizes.
Fig. 5 shows the results of generated videos of differ-
ent methods. Directly combining SPADE with 3DPhoto or
AdaMPI does not fully utilize the semantic layout informa-
tion. Therefore, they are prone to erroneously inpainting
disocclusion regions. In addition, our approach can render
free-viewpoint videos with a wide range of viewpoints, be-
cause it is rather easy for our semantic inpainting network
to synthesize a large disocclusion region and the appearance
information at these regions can be generated via SPADE
effortlessly. As GVS™ only produces multiple planes at
fixed depths, it struggles to represent complex scene lay-
outs for natural images. InfiniteNatureZero [36] is not de-
signed for novel view synthesis and struggles to produce
realistic results for the input camera trajectory is different



Methods Consistency! Realism?
SPADE [52]+InfiniteNatureZero [36] 1.31 2.06
SPADE [52]+AdaMPI [20] 3.63 1.75
SPADE [52]+3DPhoto [63] 3.94 2.19
GVS* [19] 2.63 2.13
Ours 4.11 3.13

Table 2. Human preference scores. Our method achieves
the highest photo-realism and multi-view consistency ac-
cording to human raters.

Ours w/o SF Ours

Input semantic mask RGB inpainting

Figure 6. Qualitative results of ablation studies. “RGB
inpainting” denotes the neural scene representation learned
on multi-view images generated by an image inpainting net-
work. This model fails to produce plausible image con-
tents in disocclusion regions. “Ours w/o SF” denotes the
scene representation learned on images generated from the
(post-inpainting) semantic masks and has the same geome-
try as our full method. The inconsistency of semantic masks
causes large changes in RGB images, resulting in degraded
rendering quality. Please see the supplementary video for
more visual comparisons.

from the training. Besides, InfiniteNatureZero and GVS*
uses a 2D CNN to generate or refine RGB images, which do
not guarantee the inter-view consistency. On the contrary,
our method constructs a continuous neural field to fuse ap-
pearance information from SPADE, so that more realistic
and consistent results can be obtained.

As shown in Table 1, our approach outperforms exist-
ing baselines, achieving the smallest FID and KID. Further-
more, Table 2 indicates that users prefer our method and rate
our videos the most view-consistent and realistic compared
to others.

4.5. Ablation studies

We conduct ablation studies to demonstrate the impor-
tance of each component of our method on one test scene.
Our key idea is decomposing the task of view synthesis
from a semantic mask into two simpler steps, which first
generate multi-view semantic masks and then produce RGB
images with SPADE for learning a neural scene represen-
tation. To demonstrate the effectiveness of this idea, we
design a naive baseline where we use a pre-trained RGB in-
painting network to generate multi-view images for recov-
ering the 3D scene. All methods use the same depth map
for a fair comparison. Specifically, We generate RGB im-

Methods NLL] VSC|
Ours 1.60 0.049
GVS 3.33  0.089

Table 3. Comparison with GVS. Our mulit-view semantic
masks are more consistent and have better quality.

ages by SPADE from the given semantic mask and then use
a monocular depth estimation model to predict the depth
maps of the generated image. The generated image is then
warped to novel views. To infill disocclusion regions, we
apply a pretrained RGB inpainting network to images at
novel views, which output the final multi-view RGBD im-
ages. The pretrained RGB and depth inpainting networks
are the official models from AdaMPI [20]. We abbreviate
this baseline as “RGB inpainting”. As shown in Fig. 6, this
model fails to produce photorealistic results under big view-
point changes. This is because it is challenging for an RGB
inpainting network trained on single-view datasets to infill
such large missing areas. In contrast, our approach renders
high-quality images, which indicates that semantic masks
are easier to inpaint than RGB images.

The second important design is our semantic field fusion
module, which leverages the semantic field to denoise and
fuse semantic masks generated by the inpainting network.
To illustrate the necessity of this module, we design the
baseline where the infilled semantic masks are directly fed
to SPADE to produce RGB images for learning the scene
representation. For this baseline, we use the same geometry
as our full method from the semantic field. We abbrevi-
ate this baseline as “ours w/o SF”. The result in Fig. 6 in-
dicates that although this model can synthesize reasonable
contents in disocclusion regions, the rendered images tend
to be blurry. The reason is that the infilled semantic masks
are not view-consistent, especially near semantic edges, re-
sulting in that images generated by SPADE differing signifi-
cantly across different viewpoints, which makes us difficult
to reconstruct the 3D scene. Besides, to demonstrate that
our generated multi-view semantic masks are better than
those generated by GVS [19], we compare our method with
it on the scene used in ablation studies. Following [55], we
utilize the average Negative Log-Likelihood (NLL) score to
measure the quality of generated semantic masks and the
View Semantic Consistency (VSC) score to evaluate the
consistency of generated semantic masks. Tab. 3 shows
that the quality and consistency of our generated semantic
masks outperform those of GVS.

5. Conclusion

In this work, we expanded the Al-enabled content cre-
ation tool by using a single semantic mask to produce a 3D
scene that can be rendered from arbitrary viewpoints. Our



method requires single-view image collections for training,
without the need for multi-view images. To achieve this,
we proposed a novel pipeline that first learns an inpaint-
ing network to generate novel views of the input semantic
mask and then optimizes a 3D semantic field to render view-
consistent semantic masks, which are subsequently fed into
a 2D generator SPADE to produce RGB images for learning
a neural scene representation. Experiments demonstrated
that our method can produce satisfactory photorealistic and
view-consistent results that significantly outperform base-
line methods. We believe that, like Al painting has changed
the field, our method has great potential to revolutionize 3D
content creation for humans.

Limitation. Our neural scene representation is optimized
per scene, which takes a lot of time. Amortized inference
models are much more convenient for users to edit digital
content with quick feedback. How to train amortized in-
ference models for view synthesis of natural scenes from a
single semantic mask on the single-view datasets remains
unexplored. This problem is left for future work.
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A. Implementation Details
A.1. Network architecture

Semantic field. Fig. 7 shows our network architecture of
the semantic field. Our network takes the 3D point x as
the input and outputs SDF d, semantic logits s. For the
SDF field, we follow the official implementation of Man-
hattanSDF [17]. Following NeRF [42], we utilize a posi-
tional encoding to map the x to a higher dimensional feature
space:

v(x) = [WO(X)W_l (x), .- ’WQ—l(X)] @®
7;(x) = [sin (277x) , cos (2/7x)]
where L = 6.

Appearance field. Fig. 10 and Fig. 9 illustrate the net-
work architecture of our appearance field. The network ar-
chitecture of the feature planes generator follows the of-
ficial implementation of FastGAN [39]. The generator
takes a 256-length noise vector as input and outputs a
512 x 512 x 180 feature map, which is then split to form
three 60-channel feature planes. The 256-length noise vec-
tor is fixed.

Semantic inpainting network. Following [36, 38], we
view our semantic inpainting step as an image-to-image
translation task and adopt the SPADE generator [52] as our
semantic inpainting network.

Label-conditional discriminator. Our discriminator is
the same as the official implementation of OASIS [68].

2D sky generator. We directly use the generator of Fast-
GAN [39] to the produce the sky image plane at 512 x 512
resolution. The padding mode of our sky image plane is
“reflection”.

A.2. Loss function

Semantic field. To optimize the semantic field, we use the
following overall loss function:

L :Aoﬁdeplh + A1 Lians + A2Lp + )\3£eiknnal

)
+ /\4£rank + /\Scsrcy

where )\0 = 0.1,)\1 = 10,)\2 = 1,)\3 = 0.01,)\4 =
0.1,A\5 = 1. The Lgepth, Lirans and Lp are defined in the
main paper.

Following common practice, an Eikonal loss [
added to regularize the SDF field.

] is



Figure 7. Semantic field. All layers are linear layers with
softplus activations except for the final layer.

Lekona =y (IV fox)ll; = 1), (10)

XEX

where X’ denotes a set of near-surface and uniformly sam-
pled points [78].

To encourage the ordinal relation of rendered depth maps
matches the ground-truth ordinal relation, we adopt ranking

loss [10,75], as shown in Equation 11.
Lo = {08 H P (o —p))), ££0 )
(pO - pl) , =0,

where pg = Dyy4,0,) and p1 = Dy, v,) are the rendered
depth values, where (ug, vo) and (u1,v;) denote the loca-
tions of the randomly sampled pixels. ¢ is induced by the
predicted monocular depth values and a tolerance thresh-
old . pj = ]AD(UO7UU), pT = ﬁ(ul,vl) are the the predicted
monocular depth values at location (ug, vg), (u1,v1):

+1, pg—pi>=T
b=q-1, pp—pi <=7 (12)
0, otherwise .

In the main paper, we use a depth map ﬁsrc generated
by a monocular depth estimation network [56] to warp the
input semantic mask to novel views. The depth map Dy,
is also warped to novel views, yielding warped depth maps
]A)m{lmN} at novel views {1...N }. To further utilize the ge-

ometry information of the depth map Dy, we encourage
the rendered depth map Dy.f.ny to equal the depth map

Dyreq1..Ny at each novel view {1... N}, using Equation 13:

N
Lsre = Z |Dsrc{i} - Dsrc{i} | (13)

i=1

Appearance field. To learn the appearance field, we use
GAN loss, L2 loss, and perceptual loss. Their weights are
1.0, 10.0, and 10.0, respectively.

13

Semantic inpainting network. Cross-entropy loss is
used to supervise the semantic inpainting network:

L= CEP*(p),P(p)),

peEP

(14)

where l?*(p) is the output of the semantic inpainting net-
work, P(p) denotes the ground-truth label, and P means
the set of image pixels.

A.3. Other details

Semantic field. We use the sampling algorithm proposed
in VoISDF [78] and choose Adam [32] as our optimizer,
with 81 = 0.9, B2 = 0.999, and a learning rate of 5 x 1074,

Appearance field. We adopt Adam [32] as our optimizer
of generator, with 81 = 0.9, 82 = 0.999, and a learning rate
of 5 x 10~%. For discriminator, We also adopt Adam [32],
with 51 = 0.9, B2 = 0.999, and a learning rate of 4 x 10~
To prevent the discriminator from overfitting the training
data, the differentiable augmentation technique [84] is uti-
lized for the training of the discriminator and the generator.

SPADE. We adopt the official implementation and train-
ing procedure of SPADE [52] and train it on the LHQ [65]
dataset.  Following common practice, the DeepLabv2
model [9] pre-trained on the COCO-Stuff [5] is adopted to
obtain a semantic mask for each image in the LHQ dataset.

Semantic inpainting network. We train the semantic in-
painting network on the LHQ [65] dataset. The semantic
inpainting network is trained on 2 NVIDIA RTX 3090 at
128 x 128 resolution with batch size 32. The network is
trained for a total of 60K iterations, which takes approxi-
mately 2 days. For test time, the input semantic masks are
downsampled to the 128 x 128 resolution and the output
semantic masks are upsampled to 256 x 256 resolution.

B. Experiment Details
B.1. Evaluation settings

To ensure the diversity of our test scenes, our test set
contains diverse classes: sky, sea, mountain, hill, sand, rock,
waterfall, river, tree, snow, grass.

We preprocess the depth maps used in our experiments
via the code provided by 3DPhoto [63]. All methods use
the same depth maps and style codes for a fair comparison.
The camera pose for evaluation is uniformly sampled from
a unit cube.

B.2. Discussion of user study

We conducted the user study following the settings of
[6,41,77] and used the metric of widely-used Mean Option



Semantic Mask Novel View 1 Novel View 2
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Figure 8. Qualitative results. Our results are view-consistent and photorealistic, as demonstrated by the supplementary

video.

Tri-plane
Figure 9. The overview of the appearance field. The fea-
ture retrieved from the tri-plane generator is converted to
RGB value by an MLP with ReL.U activations except for
the final layer.

Score (MOS) ranging from 1-5 [61] to evaluate our algo-
rithm. Users who participated in the study are designers
who are familiar with 3D content.Prior to the study, we give
each participant a brief and one-to-one introduction to the
concept of view consistency and photo-realism (being real-
istic as captured by real cameras). During the study session,
we found almost 100% users preferred our method’s result,
showing our proposed method’s superior performance. The
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ratings they provide further illustrate the degree of superior-
ity. Although the 3DPhoto [63] and AdaMPI [20] guarantee
view consistency theoretically, they tend to generate unre-
alistic content at the views far from the center view, leading
to the fact that users are more likely to lower their view-
consistency scores. Our method produces realistic and con-
sistently high-quality content with fewer artifacts.

B.3. More details of ablation studies

The quantitative results of our ablation studies are shown
in Table 4. We render 240 images for evaluation. Because
the ablation studies are only conducted on a single test set,
the generated distribution is really different from the real
distribution, thus causing our full model to obtain higher
FID and KID than the quantitative results in the main paper.

C. Visualization

Directly translating multi-view semantic masks obtained
by our semantic field to RGB images through SPADE [52]



ConvTranspose

4x4 s:1, p:0
GroupNorrn + GLU

Noise vector
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Nearest Upsample x 2
Conv 3x3, s:1, p:1
GroupNorm-+ GLU

Skip-layer
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Figure 10. The tri-plane generator. The orange boxes de-
note feature maps with spatial size. The brown arrows de-
note an up-sampling module. The detailed architecture of
skip-layer excitation and the channel number of each layer
can be found in FastGAN [39]. The green arrows represent
a 3 x 3 2D convolutions layer, which converts the intermedi-
ate feature maps to 45-channel feature maps. The tri-plane
feature map is formed by splitting and concatenating multi-
resolution these 45-channel feature maps.

Methods FID| KIDJ|
RGB inpainting  260.46  0.279
Ours w/o SF 250.70 0.236
Ours 166.94 0.124

Table 4. Quantitative results of our ablations. “RGB in-
painting” denotes the neural scene representation learned
on multi-view images generated by an image inpainting
network. “Ours w/o SF” denotes the scene representation
learned on images generated from the post-inpainting se-
mantic masks. Our full model outperforms all ablated ver-
sions significantly, which demonstrates the effectiveness of
our proposed framework.

fails to produce multi-view consistent results, as shown in
Fig. 11. We abbreviate this pipeline as “SPADE*”. Fig. 8
shows several cases of test scenes. For more visualization
results, we recommend watching the supplemental video.

D. Results on Other Kinds of Scenes

Our method is general and can extend to other kinds of
scenes, including indoor scenes, as shown in Fig. 12. In the
main paper, we focus on natural scenes, as they are well-
suited to our objectives. We will add more results on other
types of scenes.

E. Discussion of Our Method

Despite the seemingly long pipeline, our high-level idea
is clear and simple, which is to divide a difficult task
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Figure 11. The results of SPADE". SPADE™ denotes the
pipeline which directly translates multi-view consistent se-
mantic masks to RGB images via SPADE. Although the
multi-view semantic masks are view consistent (first row),
the generated RGB images via SPADE (second row) are
inconsistent and have flickering artifacts between different

views.
'

Input mask View 1 View 2

Figure 12. Results on indoor scenes.

into two simpler steps: first predicting multi-view semantic
masks as intermediate representations and then translating
semantic masks to RGB images. The additional modules of
learning neural fields are just used for ensuring multi-view
consistency.
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